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Abstract
Collection management in libraries should be conducted on the basis of analyses of circulation data. In addition to the number
of times a book is loaned out, the change in the number of loans over time can be a useful measure for managing books. In this
study, we investigate the relationship between diachronous obsolescence (that is, the change in use over time) and synchronous
obsolescence (that is, the distribution of use over the elapsed time from accession, for a relatively short period). We evaluate
three algorithms based on the two types of obsolescence, in order to predict future book use from past use information. We apply
these algorithms to actual circulation data from a university library and investigate prediction accuracy. The results show that the
synchronous obsolescence-based algorithm can predict future book use more accurately than the diachronous obsolescence-based
algorithms, especially for information recorded over a relatively short period.
c© 2016 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of KES International.
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1. Introduction
Collection management is an important operation for libraries. In typical university libraries in Japan, collection
management processes such as selection, arrangement, and disposal of books are being conducted according to static
rules or the intuitions of the library staﬀ. To meet the constantly changing demands of library users, these processes
should be improved on the basis of the actual use of books in libraries.
Some methods to improve collection management processes can be reduced to the problem of predicting future
book use from past use information. For a given set of books and past circulation data, prediction problem aims to
predict the number of loans for the books in the set by analyzing the circulation data. For example, Silverstein and
Shieber1 solved the problem for selecting books to be stored in an oﬀ-site location. This work was applied to the
arrangement of books, and the idea can be extended to the disposal of books. As for the selection of books, the idea
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of a “good” selection can be deﬁned using the frequency of use for the selected books. Evans2 investigated the use
of books classiﬁed by the person who selected the books in several academic libraries. Pritchard3 investigated the
use of books classiﬁed by the manner of selection. Koizumi4 also investigated the relationship between book use and
the manner of book selection at the Keio University library in Japan. These investigations of the number of loans in
various cases of selection are applicable to the problem, even if the future number was not predicated explicitly.
An eﬀective approach to the prediction problem is using the change in the number of loans over time, while the
work described in the previous paragraph is based on classiﬁcation of loan records according to various attributes. In
the work by Silverstein and Shieber, various methods that analyze circulation data for the problem were combined
on the basis of a case analysis using decision trees, which were constructed using bibliographic information such as
the date of publication and the language. It is experientially known that the number of loans for a book (or a set of
books) decreases over time. This decrease is called “(diachronous) obsolescence5.” Matsui and Isono6 conﬁrmed
a diachronous obsolescence in book use in the Nara University library in Japan. Diachronous obsolescence can be
approximated by a “synchronous5” obsolescence, that is, the distribution of use with the “oldness” of the books over
a short period. The oldness of a book is usually deﬁned as the elapsed time since the publication or the accession of
the book to the library. The relationship between diachronous and synchronous obsolescence has been mentioned in
citations of scholarly papers in various work5,7; however, for books in libraries, this relationship has not been clariﬁed
through an analysis of actual circulation data.
In this study, we evaluated three prediction problem algorithms, in order to clarify the diﬀerence between di-
achronous and synchronous obsolescence. Two of the algorithms are based on diachronous obsolescence, and the
other is based on synchronous obsolescence. The three algorithms use linear regression to estimate the change in
the number of book loans over time. The diachronous obsolescence-based algorithms use a function to estimate the
change in the number of loans for the target book set (based on past data), and then predict the number of future loans
using the obtained function. To perform the estimations, one of the algorithms uses a linear function, while the other
uses an exponential function. Clearly, these algorithms require past data from a suﬃciently long period to predict
future use accurately. The algorithm based on synchronous obsolescence estimates the distribution of the number of
loans over the elapsed time, and then uses the obtained parameter to create a model for the estimation. This algorithm
can use past information for other books of the target book set, and hence is expected to be suitable for prediction in
case with insuﬃcient past information.
We applied the three algorithms to actual circulation data and evaluated their suitability in terms of prediction accu-
racy. We used loan records obtained from the Kyushu University library in Japan, for the period from December 2009
to November 2014. First, we predicted the number of loans for books classiﬁed by the year they were accessioned.
The evaluation was conducted with various subsets of circulation data, to clarify the eﬀect of the period of data avail-
able for prediction. Next, to evaluate the suitability of the algorithms for restricted sets of books, we predicted the
number of loans for books classiﬁed by subject. The eﬀects that the characteristics of subjects had on obsolescence
have been investigated for journal citations8 and for library books in our previous work9.
Our study will suggest a viewpoint for improving the collection management in university libraries. According
to the results of the evaluation, we can estimate the demands for books more accurately; this should lead to better
decisions in the selection, arrangement, and disposal of books in libraries.
The remainder of this paper is organized as follows. Section 2 introduces three algorithms designed to predict the
number of book loans on the basis of circulation data; it then describes the collected circulation data and the method
to evaluate the algorithms with the data. Section 3 reports the results of the evaluation. Section 4 provides an analysis
of the results, and discusses future directions of our study.
2. Methods
The purpose of our study is to evaluate the possibility of substituting synchronous obsolescence for diachronous
obsolescence to predict the use of library books. We deﬁned three algorithms that use past circulation data to predict
the number of times a book will be loaned out in the future. Two are standard algorithms that analyze the change in
the number of loans over time. The other is based on the distribution of the number of loans over the elapsed time
from accession. We apply the algorithms to actual circulation data from a university library to evaluate the algorithms
in terms of prediction accuracy.
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2.1. Algorithms
The target problem involves predicting the number of loans for books in a set s for a period p. We assume that
some loan records are given for the prediction as training data10, and that each record includes the loan time, the
accession time, and the book’s classiﬁcation. A simple approach to the problem is to predict
The change in the number of loans for “the books in s” according to “the loan time”
in the training data. However, this approach requires a suﬃcient period of training data to obtain an accurate model of
the change over time. Let S be the set of all books, which includes s. Then, another possible approach with insuﬃcient
training data is to use
The change in the number of loans for “the books in S ” according to “the elapsed time from accession (or
publication) to loan”
in the training data. In this study, we use the time from accession to loan as the elapsed time. The number of times
the book is loaned after publication is aﬀected by the possibility of accession of published books to the library; this is
especially true for new books. In our previous work, we proposed an obsolescence model with an error function for
the elapsed time from accession9.
We deﬁned three algorithms based on the two approaches as follows. Let |r| be the length of a period r. Let ts(r)
and te(r) be the respective starting and ending times for period r. Let q be the period covered by the training data. We
assume that te(q) = ts(p) and |q| ≥ |p|. Let e be Napier’s constant. Then, algorithms Xlin and Xexp (based on the ﬁrst
approach) are
• Divide q into q1, q2, . . . , qn such that te(qi) = ts(qi+1) for 1 ≤ i ≤ n − 1, te(qn) = ts(p), and |qi| = |p| for any
1 ≤ i ≤ n;
• Count the number li of loans for the books in s for qi for 1 ≤ i ≤ n;
• Approximate li by f (i) = ai + b (or g(i) = aebi) for constants a and b; and
• Predict the number of loans for p by f (n + 1) (or g(n + 1)).
Algorithm Y (based on the second approach) is
• Count the number li of loans for the books in S such that the diﬀerence between the accession time and the loan
time is i for 0 < i;
• Approximate li by h(i) = aebi for constants a and b; and
• Predict the number of loans for p by leb, where l is the number of loans for the books in s for qn, and qn is the
period such that te(qn) = ts(p) and |qn| = |p|.
In the approximation of li, we optimized a and b in f , g, or h using the generalized reduced gradient method11, so
that the root mean square errors between li and f (i), g(i), or h(i) would be the smallest. As models for obsolescence,
there exist more complex functions including a model based on the gamma distribution. The main target of this study
is to clarify the diﬀerence between diachronous and synchronous obsolescence, and the exponential model is a simple
special case of the model based on the gamma distribution.
2.2. Collected Data
We used loan records from the Kyushu University library for the period from December 2009 to November 2014.
The total number of records was 1,048,575. Each record includes the following attributes:
• Title of the book,
• Date of accession of the book to the library, and
• Date of loan.
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Table 1. Subject ﬁelds of the main categories in NDC and the number of loans for the books in each category in the collected data.
NDC number Subject ﬁeld Number of loans
000 General works 23,891
100 Philosophy 34,782
200 General history 29,590
300 Social sciences 130,900
400 Natural sciences 171,453
500 Technology. Engineering 72,996
600 Industry and commerce 15,702
700 The arts. Fine arts 12,265
800 Language 47,088
900 Literature 49,874
Total 588,541
Additionally, some books had attributes for classiﬁcation. We focused on
• The NDC number of the book.
The NDC (Nippon Decimal Classiﬁcation) is the standard classiﬁcation method in Japanese libraries. The number
represents subject ﬁelds hierarchically as 3-digit numbers, such as 400 for “Natural science” and 410 for “Mathemat-
ics.” In the collected data, 588,541 records (56.1% of the total records) contained the NDC number.
Note that an NDC number can refer to multiple categories of diﬀerent levels in the classiﬁcation hierarchy. In the
remainder of this paper, we refer to the 10 ﬁrst-level classiﬁcation categories (notated by the ﬁrst digit in the NDC
number) as the main categories. The subject ﬁelds and the number of loans for the books in each main NDC category
are shown in Table 1.
2.3. Evaluation
We applied the three algorithms described in Subsection 2.1 to the collected data described in Subsection 2.2 to
evaluate the algorithms in terms of prediction accuracy.
The prediction accuracy was calculated on the basis of the predicted number and the actual number in the data for
p. Let lp and la be the predicted number and the actual number, respectively. Then, the error rate is |lp − la|/la.
We divided the period (from Dec. 2009 to Nov. 2014) of the collected data into
• p1: from Dec. 2009 to Nov. 2010 (204,560 records),
• p2: from Dec. 2010 to Nov. 2011 (216,533 records),
• p3: from Dec. 2011 to Nov. 2012 (220,131 records),
• p4: from Dec. 2012 to Nov. 2013 (205,234 records), and
• p5: from Dec. 2013 to Nov. 2014 (202,117 records).
Then, to clarify the eﬀect of the amount of training data, we investigated the error rate with the following combinations
of training data and test data: the pairs (q, p) of the periods of training data and test data are
• |q| = 1: (p1, p2), (p2, p3), (p3, p4), and (p4, p5);
• |q| = 2: ((p1, p2), p3), ((p2, p3), p4), and ((p3, p4), p5);
• |q| = 3: ((p1, p2, p3), p4) and ((p2, p3, p4), p5); and
• |q| = 4: ((p1, p2, p3, p4), p5).
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Table 2. Error rate (%) of the prediction of the number of book loans generated by Xlin, Xexp, and Y for the ﬁve sets of books, with various lengths
for training data period q; the 2-digit numbers for s denote the year of grace.
|q| s:09 s05:09 s00:04 s95:99 s:94
Xlin 1 10.22 16.05 7.62 5.95 4.78
2 6.65 8.64 7.11 10.08 9.59
3 6.69 4.69 6.71 12.27 9.03
4 3.27 11.62 2.77 2.88 5.16
Xexp 1 10.22 16.05 7.62 5.95 4.78
2 5.84 6.73 6.45 9.72 8.88
3 5.80 2.69 6.02 11.18 8.35
4 0.22 3.64 4.54 0.93 5.94
Y 1 3.59 5.07 5.12 6.42 7.58
2 3.86 4.23 4.41 4.63 6.24
3 4.37 5.24 3.50 6.09 4.68
4 2.86 0.95 2.73 8.31 5.30
In the case where |q| = 1, functions f in Xlin and g in Xexp cannot be ﬁxed, hence the algorithms output the counted
number from the training data as the predicted number.
Additionally, we investigated the error rate for various s deﬁned by the NDC classiﬁcation and period of accession.
We use the following notations:
• sy:y′ : the books accessioned from y to y′,
• s:y: the books accessioned in or before y, and
• sn: the books whose NDC number is n.
3. Results
Table 2 shows the error rates of the book loan predictions generated by the three algorithms. Using various training
sets, the algorithms predicted the number of loans for the books in the sets, which were classiﬁed by accession time.
The error rates in the cases where |q| = 1, 2, and 3 are respectively the mean of the rates in the 5− |q| cases. The actual
numbers of loans for the books in s:09, s05:09, s00:04, s95:99, and s:94 were 775762, 306503, 236747, 147047, and 85465,
respectively. The actual number of loans in the case where |q| = 4 and s = s:09 for p was 125774 (and 134932 for qn).
The obsolescence models obtained in the algorithms Xlin, Xexp, and Y in the case were f (i) = −16332.200i+203327.50,
g(i) = 206972.20e−0.099186998i, and h(i) = 81958.380e−0.099309057i, respectively. Therefore, the predicated numbers
were 121666, 126046, and 122176, respectively. Note that s:09 is the largest set such that the collected data contain
the data necessary for the X’s in the case where |q| = 4. Moreover, Xlin for |q| = 1 uses the same processes as Xexp.
Table 3 shows the error rate for the books classiﬁed into the main NDC categories and accessioned in or before 2009
with the training data for q = (p1, p2, p3, p4). In addition, we investigated the error rate for an extended algorithm Y ′
of Y to clarify the diﬀerence in the eﬀects of the algorithm between the categories. Y ′ for sn:09 is the algorithm obtained
from Y by replacing the b computed for S = s:14 with that computed for s = sn:14.
4. Discussion
This section provides an analysis of the results in the previous section.
4.1. Main Conclusion
From the results in Table 2, we can conclude that algorithm Y can predict the number of book loans as accurately
as the X’s. Overall, the error rates decreased when the length of training data period q increased. However, compared
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Table 3. Error rate (%) of the prediction of the number of book loans by Xlin, Xexp, Y , and Y′ for the books classiﬁed by NDC and accessioned in
or before 2009 with the training data of |q| = 4, where s∗ is the set of the books that have an NDC number.
s∗:09 s
000
:09 s
100
:09 s
200
:09 s
300
:09 s
400
:09 s
500
:09 s
600
:09 s
700
:09 s
800
:09 s
900
:09
Xlin 1.54 4.53 14.47 12.16 5.04 1.25 3.63 20.99 22.00 15.69 3.92
Xexp 3.76 6.27 14.55 11.92 7.90 1.81 6.48 12.64 20.03 17.09 5.27
Y 2.76 0.16 0.54 18.14 2.39 0.47 1.39 16.87 23.84 11.34 3.01
Y′ 3.21 2.56 0.53 13.83 3.48 0.92 1.84 15.14 23.03 4.03 2.38
with the X’s, most error rates generated by Y were low even for a small |q|. Therefore, Y is especially suitable for
analyzing short periods of training data. In addition, the error rates generated by Xexp and Y were low compared
with Xlin. Therefore, exponential functions are more suitable than linear functions for approximating changes in the
number of loans over time.
Table 3 indicates the suitability of Y and the superiority of an exponential model over a linear model; this ﬁnding
also holds true for restricted sets of books. In addition, we conﬁrmed the usability of the extended algorithm of Y .
Intuitively, Y ′ uses the “decreasing rate” (that is, eb) for the restricted set of books instead of that for the total set in
Y . The error rates for the books in NDC categories 200 (general history) and 800 (language) were better for Y ′ than Y
because of the large diﬀerences between the decreasing rates for the two algorithms. Actually, the decreasing rates of
the NDC 200 set, NDC 800 set, and all analyzed books were 0.95, 0.85, and 0.91, respectively.
4.2. Key Findings
In general, the problem of predicting the number of book loans is solved by estimating the distribution F(x, y) of
the number of loans using accession time x and loan time y. The ﬁrst approach in Subsection 2.1 estimates F(x, a) at
a loan time a on the basis of the change in the number of loans over y in the training data. The second one estimates
F(x, a) as F′(a− z, a) on the basis of the change in the number of loans over elapsed time z from accession to loan, on
the assumption that F(y − z, y) has a universal form for any y. The assumption means that there exists a diachronous
obsolescence in the use of books and the obsolescence can be approximated in a synchronous manner.
We consider the previous viewpoint using ﬁgures from actual data. The left side of Fig. 1 shows the number of
book loans with accession time and loan time in the circulation data we used. The change in the number of loans
according to accession time is rough compared with changes according to loan time. Therefore, the algorithms based
on the ﬁrst approach are expected to be better when suﬃcient training data is available. The right side is the graph of
the function aeb(x+y) with the a and b optimized to represent the number in the left graph. The b(x+y) in the function is
based on the assumption that the decreasing rate for y can be estimated by the distribution for x. The function appears
able to approximate the number of loans accurately. However, by considering local features, further improvements
are possible.
4.3. Future Directions
In a future study, we will apply the results of this study to practical collection management in libraries. The
predicted number of book loans can be used for making decisions about collection management. Additionally, we
should consider diﬀerences in the changes in the number of loans between the subject ﬁelds. The diﬀerence might
cause a signiﬁcant diﬀerence in future use. Fig. 2 shows the estimated number of loans for the books accessioned in
or before 2014 in NDC categories 200 (general history) and 800 (language). The estimated numbers were computed
from the actual number of loans in 2014 and the decreasing rates obtained from the total data. The number of loans
for books in the language ﬁeld is estimated to decrease by 50% after ﬁve years, while that for general history will
decrease by only about 20%.
Our analyses were conducted on the assumption that some conditions for the target library, such as the number
of users and the number of books accessioned yearly, are constant. Taking account of these situations as measures
for predicting book use may improve the accuracy. For example, Sun12 estimated the number of book loans in a
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Fig. 1. Number of book loans according to accession time and loan time (left) and the function aeb(x+y) approximated to the actual number of book
loans (right).
Fig. 2. Estimated number of loans for books accessioned in or before 2014 in the categories of NDC 200 (general history) and 800 (language).
university library in China on the basis of the number of users and books in the library, in a situation in which the
numbers increased approximately 10-fold in 17 years.
5. Conclusion
We evaluated three algorithms that predict the number of book loans from past circulation data. Two of the algo-
rithms were based on the standard approach that models the change in the number of loans over time (diachronous
obsolescence), and the other approximated the change using the distribution of the number during the elapsed time
from accession (synchronous obsolescence). Through experiments with actual circulation data from a university li-
brary, we found that the synchronous obsolescence-based algorithm could predict the number as accurately as the
diachronous obsolescence-based algorithms. Additionally, the synchronous obsolescence-based algorithm could pre-
dict the number of loans accurately in cases with insuﬃcient circulation data. We also conﬁrmed that change in the
number of loans over time diﬀered between books classiﬁed into diﬀerent subject ﬁelds.
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